This study is divided into three parts centred around modelling the complex turbulent fluxes across strong shear layers, such as exist between the channel and floodplain flow in an over bank flood flow. The three stages utilize Adaptive Neuro-Fuzzy Inference Systems (ANFIS) to make fuzzy mappings between the fluxes and different data types. The de-fuzzification stage commonly used in Fuzzy Inference Systems is adapted to avoid the generation of crisp outputs, a process which tends to hide the underlying uncertainty implicit in the fuzzy relationship.
INTRODUCTION
Accurate representation of the partitioning of momentum flux between a river channel and floodplain is crucial to predictions of inundation extent during a large event (Bates et al. 1996; Knight & Shiono 1996; Aronica et al. 1998) . The information necessary to drive a complex distributed model of such an event is subject to a large degree of non-random uncertainty, or fuzziness, reflecting a lack of knowledge about the key variables that control the predicted flow. For large scale events, the controls are widely held to be distributed bed slope and effective roughness (Romanowicz et al. 1996; Aronica et al. 1998) .
The extent to which each of these variables, coupled with antecedent flow conditions, influence the diffusive and convective transport properties of the flow is unclear, and there are unlikely ever to be complete data sets available with which to validate predictions of distributed flood models at the large scale. The turbulent fluxes of mass and momentum across transverse shear layers within an engineered flume flow at the Flood Channel Facility (FCF) have been studied in detail (Knight & Shiono 1989) , from which we have a better understanding of the effect that the shear has on the overall dynamics, and the resulting dispersion characteristics of the flow (Hankin & Beven 1998a, b) . Yet the dynamics of such phenomena in real systems, with far more complex boundary conditions, for which we have sparse distributed information, is far from understood (Bates et al. 1996) . Characterizing the turbulent momentum fluxes across a strong shear layer therefore forms the main area of interest in this study.
It has already been shown that the traditional numerical representation of the partial differential equation (PDE) for pure advection (Minns 1998) or the wave equation or for two-dimensional flow can equally well be represented in terms of the weights in an artificial neural network (Babovic & Abbott 1997) . In this approach, artificial neural networks (ANNs), trained using numerical representations of the PDE for a particular problem, are shown to reinstate the governing PDEs, and it is argued that they must therefore contain the same knowledge, or have the same content, as the traditionally favoured continuum equations. If this is the case, then data taken from nature should also provide ANNs that can be used to produce new PDEs. For a complex river or flood flow, the data is often sparse, and distributed flow information is extremely difficult to collect, so in this study Adaptive Neural Networks based on Fuzzy Inference Systems, or ANFIS, (Jang & Gulley 1995) The first application involved using detailed Acoustic Doppler Velocimeter (ADV) measurements in and around an artificial dead zone, so that fluxes in the region of shear between the main flow and the dead zone could be studied. The artificial dead zone was placed in two small flumes with different flows, in order to try to generate scale independent fuzzy rules using ANFIS between the local velocity gradients and the local Reynolds stresses, which can be interpreted as turbulent fluxes. Reasonable agreement between the predictions for these two flows was found, so the ANFIS mapping was applied to estimation of turbulent fluxes in a large natural fluvial dead zone.
The second part of this study addresses a similarly complex shear zone above the bank top in an overbank flow (Knight & Shiono 1989) . This time we assume that in an even more data-sparse environment, the only conditioning on the turbulent partitioning that we have is the local bathymetry, or geometry. It is speculated that the boundary conditions are largely responsible for forcing the turbulent motion of this kind of flow, preventing the turbulence from becoming completely chaotic, so it is natural to consider the local topography as having strong influences on the flow itself. The strong fits to the data using ANFIS were then used in the recall mode (when an ANN is applied to data not used in training) successfully to predict some measurements of turbulent fluxes in a real flood flow on the River Severn, UK, to within prediction uncertainty bounds.
The third part of the study is less specific, but still related to shear zones, and the impetus for it stems from the efficiency gains that could be made in large scale river studies, if remotely sensed thermal images (see Figure 1 (after Reynolds et al. 1991) ) could be used directly to glean Reynolds et al. 1991) .
spatial information about the hydraulics, which have in part generated the observed temperature distribution. We see that in regions of quiescent flow, such as in the dead zone, or along the river banks, that the water surface temperature is warmer.
METHODS
For a more detailed overview of fuzzy sets, readers are referred to texts with environmental applications such as Bardossy & Duckstein (1995) and Ross (1995) . The following describes fuzzy sets and rules which are detailed schematically in Figure 2 .
As an example fuzzy set, let dU/dy be the set (universe) of observed velocity gradients anywhere in a flow field. Let (dU/dy) small be a subset of 'small' velocity gradients. (dU/dy) small is called a fuzzy subset of dU/dy, if (dU/dy) small is a set of ordered pairs:
where m (dU/dy) small is the grade of membership of g, the local velocity gradient, in (dU/dy) small , and is termed the membership function of (dU/dy) small . A membership of 0 or 1 implies g absolutely does not or does belong to (dU/ dy) small respectively. Those membership grades between imply that g has partial membership of (dU/dy) small . Three fuzzy subsets of dU/dy (see Figure 2 ) are used to describe the complete set velocity gradients, given by 'small', 'medium' and 'large', each having membership functions with a certain shape such as a simple triangular or trapezoidal function. Each shape is described by a set of simple shape parameters, and the extent or range over which a fuzzy set is non-zero is called the support.
The general form of a fuzzy rule (Figure 2 ) consists of a set of premises, A i,f , in the form of fuzzy sets (numbers) with membership functions m A i,f , and a consequent, L i (in this study this always refer to a turbulent flux), also in the form of a fuzzy set:
where i refers to the rule number and f to the piece of information the relation pertains to, for example in Equation (2) giving rise to the long tail in concentration break-through curves, as highlighted in a number of studies (Wallis et al. 1989; Heslop & Allen 1993; Young & Wallis 1993; Rutherford 1994) . The processes governing fluxes across strong transverse shear layers affect both solute and suspended sediment dynamics (Tipping et al. 1989; Carling et al. 1994) , and the resilience of some ecological systems (RSPB 1994) . These are used as premises to construct fuzzy inference system of the form given in Equation ( show how the fuzziness in the inference approach is represented at the prediction stage, as discussed above.
Application to measurements in a real dead zone
When the same ANFIS mapping was used in the recall sense to velocity and turbulent velocity data from electromagnetic current meter (ECM) measurements around a dead zone on the River Severn (Figures 1 and 5 , showing a CFD generated flow around the dead zone), a poor fit was obtained. This was due to the extrapolation problem: there were scales of velocity gradients that simply had not been encountered in the training of the fuzzy rules. For this reason, the River Severn data was then used in addition to the flume data as more training data, and the new fuzzy mapping gave the fit shown in Figure 6 . This is still regarded as a poor fit, although with more training data, the universality of the rules that was found between the two different scale flume flows might yet be achieved for large scale flows. As more data becomes available it may become apparent that in order to allow for more universal 
Application to measurements in a real over bank flow
The above ANFIS was next applied in a recall sense to unpublished ADV measurements from the River Severn in flood, and the closeness of fit accounting for prediction uncertainties, was found to be good, as shown in Figure 9 .
Although there is not much data to compare such rules with, the mapping would appear to imply that, despite the topographically rich field environment, there are similar gross flow processes occurring as compared with the flume situation. Fuzzy relationships may be the most realistic way of representing these features, despite advances in turbulence modelling, because we simply do not have the detailed boundary information necessary to make more accurate process representations for the kind of large scale systems that this study is aiming towards.
Stage 3: Linking remotely sensed information to hydraulics
This application builds on an earlier study (Hankin et al. 2000 in review) in which the depth-averaged hydraulics of a natural fluvial dead zone were modelled using a finite element based St Venant equation solver, TELEMAC-2D (Hervouet & Van Haren 1995) , with semi-distributed bed roughness and eddy viscosities in three distinct zones of the dead zone, shear zone and main channel. The constant eddy viscosity assumption led to a relatively simple hydraulic model, with few claims to represent the precise turbulent behaviour of the flow, but it was found to retain sufficient flexibility to capture the functionality of the system in terms of the observations that were available.
Indeed, we believe that there are a whole host of models and model structures which would achieve this, giving rise to the phenomenon of equifinality (Beven & Binley 1992; Beven 1993; Aronica et al. 1998 ) of models for complex systems. Using net energy budget data from measurements in and above the dead zone, and assuming that buoyancy forces could be neglected, this earlier study indicated that the gross hydraulics of the system appeared to explain much of the temperature distribution that was observed using infra-red imagery, collected using the NERC Daedalus AADS thermal line scanner (Carling et al. 1994) .
With this in mind, it was conjectured that a remotely sensed thermal image of the dead zone could be used directly to glean spatial information about the hydraulics which have in part generated the observed temperature distribution.
In the CFD scheme, the conservative streamline upwind Petrov-Galerkin (SUPG) numerical scheme was used to model the advection of depth in the continuity equation, forcing conservation of mass everywhere except at the downstream boundary, where the free surface was
imposed. An implicit N scheme, which is unconditionally stable, was used for the advective velocities. A one second time step was used, in order to maintain a Courant number of approximately unity, and the model was run for 10,000
and 20,000 time steps, the latter producing the vector plot given in Figure 5 . The two simulations yielded a whole field residual (between the above successive 
where the italics refer to fuzzy sets of quantities that are not known precisely. Each of 3 premises (temperature, temperature gradient and local channel width), were split into 2 ranges representing a small or a large quantity.
There appeared to be no advantage to using three fuzzy subsets, in that the overall measure of closeness of fit to the training data did not improve significantly, implying that there is a limited information content in the data set.
These were linked to the 2 ranges of the consequent, that Although only half of the data was used to train the data for this application, the portion used in training was taken from cells throughout the reach, since each part of the reach contained information too disparate to make universal rules. Some new remotely sensed imagery is under investigation, which will be used to check the universality of the rules. Such information would be extremely useful for identifying approximately where there might be zones of pollutant retention, or good mixing, at an accuracy that is perhaps compatible with, for instance, one-dimensional advection dispersion modelling.
For all three applications, we have attempted to make the fuzzy mappings of momentum transport across regions 
